I. INTRODUCTION
Circuit patterns are transferred onto the resist layer by various lithographic processes including electron beam (e-beam) lithography. [1] [2] [3] [4] [5] The fidelity of transferred patterns is often examined through scanning electron microscope (SEM) imaging. 6, 7 Feature boundaries in SEM images are determined, from which metrics such as critical dimension (CD) and line edge roughness (LER) are computed. As the feature size continues to decrease, it has become even more important to be able to measure the CD and LER accurately from SEM images. 8, 9 A small error in determining feature boundaries can lead to a significant deviation of the CD and LER from the actual values.
A typical approach to determining feature boundaries in a SEM image is to employ image processing techniques such as edge detection or modeling. What makes the image processing nontrivial is the noise contained in SEM images. A standard procedure is to apply a noise-reduction filter, e.g., low-pass filter, to SEM images before further processing. It is common that the noise level is significant and varies with SEM image. Also, the type of noise may be different for a different image or a different location within an image. Therefore, it is not optimal to use a fixed filter in general. In this study, the issue of designing a noise-reduction filter, taking the characteristics of noise into account, is addressed.
There are several types of noise-reduction filters widely used in image processing. The median filter is known to be effective in removing pixels corrupted by the "salt-andpepper" noise (shot noise), but not as effective for spatially correlated noise. It tends to destroy fine details, e.g., thin lines, line ends, etc., and only the filter size can be controlled. Another filter often used is the spatial-averaging filter which reduces the noise level while it is not able to remove each individual noise pixel completely. A side-effect of applying the averaging filter is that the image contrast is lowered, blurring the feature boundaries. However, a more sophisticated control in designing a filter is possible through weighted averaging. In the previous work, 10,11 a fixed filter was employed to reduce the noise level in processing SEM images. Therefore, the image-dependent noise characteristics such as the noise level were not considered. In this paper, a practical method for designing a Gaussian filter adaptively based on the noise characteristics of each SEM image is described. In the method, the noise characteristics are extracted from the frequency-domain representation of SEM image, and the sharpness (standard deviation) and size of Gaussian filter are determined based on a certain measure derived from the characteristics.
One of the methods to detect feature boundaries with or without noise filtering is to rely on edge modeling, i.e., fitting the brightness distribution over a feature boundary to a model function. The effectiveness of this approach was well demonstrated using the Gaussian function as a model function through an elaborated investigation. 12 Nevertheless, it is worthwhile to point out the sensitivity of the method to the shape of brightness distribution. When the bright distribution has a significantly different shape from the model function, this can lead to a substantial error in the detected feature boundaries. Also, in their study, it appears that only the "simple noise" was considered in the accuracy analysis. Another method for the boundary detection following a noise reduction step is to employ an edge detector which is normally a differential operator. This method is more a) Electronic mail: leesooy@eng.auburn.edu flexible from the viewpoint of applicability and is computationally less expensive, though it requires a careful determination of edge pixels. In this study, an edge detector is used in analyzing the effectiveness of the Gaussian filter designed by the proposed filter-design method. A spatially correlated noise is considered in this analysis for more realistic results.
The rest of the paper is organized as follows. The issue of processing SEM images is addressed in Sec. II. The proposed method of filter design is described in Sec. III and the edge detection in Sec. IV. The results are discussed in Sec. V, followed by a summary in Sec. VI.
II. NOISE FILTERING
SEM images inherently contain a significant level of noise as shown Fig. 1 . Therefore, it is unavoidable to reduce the noise level before any image processing technique for detecting feature boundaries can be applied. The noise filtering greatly affects the accuracy of detected feature boundaries. That is, an inappropriate level of noise filtering can cause a significant error in the measured LER and CD as illustrated in Fig. 2 where a simulated SEM image with the known LER and CD is employed. An under-filtering leads to a rougher detected boundary than the actual one such that the measured LER, for example, is 31% larger than the actual LER [see Fig. 2(a) ]. On the other hand, an overfiltering makes the detected boundary smoother than the actual, leading to a negative error (À24%) in the measured LER [see Fig. 2 
A two-dimensional (2D) Gaussian filter is selected for noise filtering in this study, for its applicability and controllability. The level of noise filtering can be adjusted by controlling the sharpness and size of a Gaussian filter. In the 2D Gaussian function given in Eq. (1) and illustrated in Fig. 3 , the sharpness is determined by the standard deviation r. The larger the r is, the higher level of noise filtering is achieved, i.e., the noise is filtered more, but more blurring occurs. On the other hand, for a smaller r, the noise is filtered less. Given a r, the filter size W (see Fig. 3 ) determines the domain over which the filtering is carried out for each pixel. A larger W tends to reduce the noise level more, but also blur the image more
The objective of the proposed method for designing the Gaussian filter is to determine the filter parameters, r and W, which minimize the differences between the measured and actual LER's and CD's. The determination of the two parameters is guided by the characteristics of a given SEM image, in particular, the signal and noise characteristics.
III. FILTER DESIGN
The objective of noise filtering is to reduce the noise as much as possible while keeping the signal (feature boundaries) as much as possible. However, in general, reducing the noise also reduces the signal, and therefore, the level of noise filtering must be properly selected such that the accuracy of boundary detection is sufficiently high. In the case of a Gaussian filter, the level of noise filtering can be controlled by the two parameters of filter, r and W. In particular, the proposed design method determines r and W using a metric which quantifies the relative signal level after filtering. For evaluating the metric, the frequency-domain representations of signal and noise are employed. However, the signal and noise are not readily separable in an image. Therefore, given a SEM image, they are estimated in the frequency domain.
Let i(x, y) represent the brightness distribution in a SEM image of size M Â M. The frequency-domain representation, I(u, v), is obtained through the 2D discrete Fourier transform (just "Fourier transform" hereafter) as in Iðu; vÞ ¼
A SEM image and the corresponding Fourier transform are shown in Fig. 4 . The jIðu; vÞj shows different behaviors along the u and v dimensions. This is due to the fact that lines are vertically oriented and the noise is more spatially correlated in the x direction than in the y direction. It should be noted that I(u, v) includes both the signal and noise.
In order to estimate the noise, "flat regions" (i.e., excluding boundary regions) are extracted from the SEM image, to generate an image of "sampled" noise, as shown in Fig. 5 The frequency-domain representation of n(x, y) can be obtained through the Fourier transform. However, due to the fact that the size of sampled noise before the zero-padding is smaller than that of the SEM image, a scaling on the Fourier transform results to make it comparable to I(u, v). Let N(u, v) denote the scaled Fourier transform of n(x, y), which can be expressed as
In Fig. 5(b) , the plot of jNðu; vÞj is provided. It is seen that jNðu; vÞj does not vary with v while it does significantly with u. As pointed out earlier, this is due to the larger spatial correlation of noise in the x direction, which is related to the scanning direction of electron beam, contributing to the higher amplitudes of low frequency components. This may suggest the use of an anisotropic filter. However, in this study, the isotropic (radially symmetric) Gaussian filter is adopted (1) for the simplicity, (2) since a pattern may include both vertical and horizontal boundaries of features, and (3) the scanning direction can be in either direction.
The Fourier transform of a Gaussian function is also of Gaussian in the frequency domain. Let us denote the Fourier transform by G(u, v) which may be expressed as in where r f is the standard deviation of G(u, v) in the frequency domain, to be referred to as cut-off frequency.
The proposed method for designing a Gaussian filter determines the cut-off frequency r f from which the spatialdomain Gaussian filter can be derived. Let us define total image intensity to be P MÀ1 u¼0 P MÀ1 v¼0 jIðu; vÞjGðu; vÞ, which is the sum of all frequency components in a SEM image filtered by the Gaussian filter. Similarly, total noise intensity is defined as P MÀ1 u¼0 P MÀ1 v¼0 jNðu; vÞjGðu; vÞ, which is the sum of all frequency components in the sampled noise filtered by the Gaussian filter. Then, the total signal intensity may be approximated to be P MÀ1 u¼0 P MÀ1 v¼0 jIðu; vÞjGðu; vÞ À P MÀ1 u¼0 P MÀ1 v¼0 jNðu; vÞjGðu; vÞ. In Fig. 6 , the total signal intensity and total noise intensity are plotted as functions of r f for a typical SEM image. When the cut-off frequency r f is very small (approaching to a zero), the total signal intensity is greater than the total noise intensity unless the noise is dominant. As r f increases, both the total signal intensity and total noise intensity monotonically decrease since G(u, v) is a normalized Gaussian. But, the total signal intensity decreases faster since the signal is normally band-limited. Therefore, the total signal and noise intensities intersect at a certain r f . In the proposed method, r f at which the signal-to-noise ratio defined in Eq. (5) becomes 1 is used in designing the Gaussian filter. The rationale behind this selection of the cut-off frequency is to reduce the noise level as much as possible under the condition that the signal level is not less than the noise level signal-to-noise ratio In the continuous case, the Fourier transform of e . That is, the standard deviation in the spatial domain, r, is related to the standard deviation in the frequency domain, r f , as 2prr f ¼ 1. But, in the discrete case, the relationship becomes 2prr f ¼ M, where M is the size of an image. Therefore, the standard deviation of Gaussian filter in the spatial domain can be derived from the cut-off frequency as in
The size of Gaussian filter, W, is determined such that most of the significant portion of Gaussian function is included. In this study, W is set to 6r (note that the distance from the filter center of to the filter boundary is 3r). At 3r, a Gaussian function decreases to 1.11% of the peak value W ¼ 6r:
A digital filter is normally symmetric, and therefore, 6r is rounded up to the closest odd integer. It should be clear that the Gaussian filter specified by r and W adapts itself to each individual SEM image according to the signal and noise levels in the image.
IV. DETECTION OF FEATURE BOUNDARIES
In the remaining resist profile, the boundary of a feature is defined by a surrounding sidewall which is brighter than other regions in the (secondary-electron) SEM image (see Fig. 7 ). A band of white region appears along the feature boundary, and both sides of the band, i.e., inner and outer boundaries, are detected in this study. These boundaries are where the spatial change of image brightness is largest. 13 That is, the gradient of image brightness is either locally maximum or minimum at the boundaries (see Fig. 8 ). In the case of a L/S pattern, starting from the outside of a line, the first four maximum and minimum gradients correspond to outer, inner, inner, and outer edges (boundaries), respectively (refer to Fig. 7) .
The designed Gaussian filter is applied to SEM images to reduce the noise level. Then, feature boundaries are detected by finding the local maximum and minimum of brightness gradient in the filtered image. A standard edge detector such FIG. 7 . Each boundary of a feature (line) is characterized by a bright band, and both edges of the band region are detected resulting in inner and outer edges. The search of the maximum and minimum gradients is carried out row-by-row (for vertical lines). In order to guide the searching, an edge region is defined around each peak in the filtered SEM image, as shown in Fig. 9 . Then, the maximum and minimum gradients are searched within edge regions.
Though detecting the inner and outer boundaries (edges) is considered in this study, one may want to find the boundary where the brightness is highest, i.e., peaks (see Fig. 9 ). The brightness peaks, which are normally between the inner and outer boundaries, may be searched within edge regions following the noise filtering (without computing the brightness gradient). Or, the peak detection can be done readily by locating the zero-crossings in the brightness gradient (refer to Fig. 8 ). Note that the brightness peak is where the brightness gradient changes its sign, from negative to positive or positive to negative.
V. RESULTS AND DISCUSSION
For analyzing the effectiveness of a Gaussian filter designed by the proposed method, "reference (SEM) images" are generated from real SEM images. Feature boundaries in each reference image and therefore the LER and CD are known. To reference images, a spatially correlated noise rather than a simple noise such as shot (salt-andpepper) noise is added to test the filter for realistic cases. The noise level in each reference image is varied for a thorough analysis. One of the four reference images used in this study is shown in Fig. 10 , and the known CDs and LERs for the reference images are provided in Table I . After the noise filtering and boundary detection, the inner and outer line widths are measured from the detected inner and outer edges, respectively (refer to Fig. 7) . Then, the CD is computed as the average of the inner and outer line widths, and the LER is quantified as the standard deviation of edge location, i.e., 1 À r LER, considering both inner and outer edges. The accuracy of measurement, i.e., detecting feature boundaries using the Gaussian filter designed by the proposed method is analyzed using the CD and LER deviations defined in Eqs. (8) and (9) LER
where LER m and LER k are the measured and known LER's, respectively, and CD m and CD k the measured and known CD's, respectively. In each reference image, four difference noise levels are considered in order to test the adaptability of the Gaussian filter designed by the proposed method. The r and W of the designed Gaussian filter, LER and CD measured, and percent LER and CD deviations for each noise level are provided for the four reference images in Tables II-V. First, it can be seen from the tables that the Gaussian filter designed by the proposed method is effective in reducing the noise level and achieving the high accuracy in the measured LER and CD in all cases. Specifically, the average LER deviation is 4.4%, and the maximum LER deviation is 8.86%. The CD deviation is less than 1% in all cases. The reason for the extremely small CD deviation is that the error in the detected edge location is not directly reflected in the CD deviation (note that the CD depends on both left and right edges) and the CD is averaged along the length dimension of feature (line). Second, one important observation is that the high accuracy is achieved independent of the noise level. This well demonstrates the good adaptability of the design method. As the SNR increases (i.e., the noise level decreases), the r decreases since the noise needs to be filtered less. Third, the LER deviation tends to be smaller for a higher level of noise in some of the reference images and is negative in some of the highest levels of noise. This might be due to the slight over-filtering by the Gaussian filter, making the detected boundaries smoother. It is worthwhile to point out that the LER deviation is caused by both the noise and filtering. The noise tends to make the measured LER increase. On the other hand, the filtering does the opposite by reducing the high frequency components of LER. Depending on which effect is more dominant, one may get an over-estimation or underestimation of LER.
The proposed method is also applied to four real SEM images from which the reference images are generated. These SEM images were obtained by using four different dose levels for a L/S pattern (L ¼ S ¼ 120 nm). A real SEM image is shown along with the detected boundaries in Fig.  11 . The Gaussian filter designed, and CD and LER measured are provided in Table VI . It is not possible to quantify the accuracy of the detected boundaries in these images since the actual CD and LER are not known. However, it appears by visual inspection that the detected boundaries are accurate. As the dose level increases, the measured CD becomes larger as expected. Also, the measured LER is smaller for a higher dose level. This is consistent with the well-known behavior of LER. A higher dose leads to a smaller relative stochastic fluctuation of exposure (energy deposited in the resist), which makes the LER smaller.
The overall procedure including the filter design, boundary detection, and computation of CD and LER is computationally efficient. It takes only a few seconds for a SEM image of size 1024 Â 1024 with 12 lines (24 edges per row) on a PC (Intel Xeon, 3.4 GHz, 8-G RAM). It is worthwhile to point out that the computational requirement of an edge modeling approach is much higher since each edge needs to be modeled individually through a time-consuming errorminimization procedure.
VI. SUMMARY
In this paper, a practical method to design a Gaussian filter which plays a critical role in achieving a high accuracy of detecting feature boundaries in SEM images is described. Given a SEM image, the proposed method utilizes the frequency-domain representations of the signal and noise estimated from the image in order to determine the shape (standard deviation) and size of Gaussian filter. This allows to adaptively determine the level of filtering depending on the relative noise level. Using a set of reference images for which the LER and CD are known, the effectiveness of the Gaussian filter designed by the proposed method has been verified. In all cases considered, a high accuracy is achieved with the average LER deviation less than 5% and the average CD deviation less than 1%. It is worthwhile to point out that the high accuracy is achieved for various noise levels, which well demonstrates the good adaptability. The proposed method is able to design an effective filter without requiring a complicated design procedure and is computationally efficient. Therefore, it is believed that the proposed design method has a good potential to be a useful tool.
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